Abstract: This paper introduces a new methodology for the damage assessment of existing-transmission structures using six layers, zero order Sugeno model. The model is a hybrid fuzzy-neural system that combines the power of neural networks and fuzzy systems. It is a learning expert system that finds the parameters of the fuzzy sets and fuzzy rules by exploiting approximation techniques from neural networks. The condition ratings of the structural components are determined based on visually observed deterioration-symptoms and the severity of those symptoms. A supervised learning process using training data and expert opinions is used to develop the expert system rules and determine the ratings of the structural components. For the learning from training data, the model uses a combination of least-square estimator and gradient descent method. A sequential least square algorithm is used to determine the weighting factors that minimized the errors. A test case is given to illustrate the power of the proposed fuzzy-neural system. It is concluded that the Sugeno model's ability to tune the parameters based on the training data makes it superior to the rules produced by an expert in the conventional fuzzy logic systems.
Introduction
The power grids in North America have hundreds of thousands of steel transmission structures. These structures have been built up over the past 100 years. Large numbers of these structures are still serving beyond their original design life of about 50 years.
Hydro One, as with all other utilities, is limited in its means, as it is required to manage operations and maintenance costs. Hydro One uses a proactive strategy to maintain existing transmission assets. This is done by monitoring actual conditions through regular inspection, repair, refurbishment and replacement programs. The goal is to move proactively to service existing assets before a costly failure, while at the same time not over-servicing assets that do not require it. For existing transmission structures, Hydro One carryout regular inspections (foot patrols, helicopter patrols, thermo vision, etc.) and damage assessment of these old structures to ensure that, within an economic framework, an acceptable standard for these structures in terms of public safety and power transmission reliability.
Damage assessment of old structures is, however, a very difficult task due to lack of accurate information and the complex nature of structural deterioration.
Characterization of uncertainties inherent in a transmission structure and its operating environment is complicated by the presence of time. As soon as the line becomes energized or operational, it begins to age. As the system ages or goes through various upgrades and refurbishments, the inherent uncertainties will also undergo continuous change. As time passes, microstructure will evolve, corrosion will invade steel components and strength will deteriorate. It becomes a constant battle to maintain and support the line system; typically the majority of the costs of a system are incurred during this stage of the system life cycle.
Tower inspection results provide critical information for damage assessment and formulating the tower maintenance and improvement strategies. The effectiveness of these strategies relies heavily upon the quality of visual field inspection data [1] . Because the procedure of assigning and combining rating information for tower components is based on subjective judgment and intuition, the resulting rating for towers with similar condition can vary. Consequently, a procedure that can incorporate the subjective judgment (cognitive uncertainty) inherent in tower inspection and assessment would be useful.
Hathout [2] proposed a model for damage assessment of existing transmission structures using fuzzy set theory and proposed a merging technique to determine the soft probability of failure of transmission structures. He also suggested that cognitive uncertainty inherent in visual inspection and damage assessment can best be handled using fuzzy logic expert system [3] . The major challenge in using the fuzzy logic expert system proposed in Ref. [3] is the need to develop large number of fuzzy rules that requires knowledge in many fields such as structural engineering, corrosion chemistry, material science, fracture mechanics, etc.. To overcome the problem of generating large number of fuzzy rules, a zero order Sugeno model is proposed. Sugeno model is an ANFIS (adaptive (hybrid) neuro-fuzzy inference system) that combines the power of neural networks and fuzzy systems and will allow the automatic generation of fuzzy rules. The neural network architecture of Sugeno model used in this paper was developed and introduced by Jang [4] [5] [6] and is an example of neuro-fuzzy system in which a fuzzy system is implemented in the framework of adaptive networks (ANFIS). ANFIS constructs an input-output mapping based both on human knowledge (in the form of fuzzy if-then rules) and on generated input-output data pairs by using a hybrid algorithm that is the combination of the gradient descent and least squares estimates [7] .
In the literature, the applications of fuzzy logic and ANN (artificial neural network) in civil engineering are mostly focused on problems such as structural analysis and design [8] [9] [10] [11] , structural damage assessment [12, 13] , and structural dynamic and control [14] . Further, the only research and publications on applications of fuzzy logic, fuzzy expert system and neuro-fuzzy system on the damage prediction and assessment of existing power transmission structures, are due to the work of Hathout [1] [2] [3] [15] [16] [17] [18] [19] and Hathout et al. [20, 21] .
Inspection and Symptoms of Failures
Inspectors visually assessing the damage condition of a transmission tower often do so using a rating between 0% and 100% (0 to 1) to describe the severity of the symptom, where the numbers could represent: 0 is very good (0% symptom's severity mean very good condition); 25 is good; 50 is fair; 75 is poor; 100 is very poor (100% symptom's severity means very poor condition).
These numbers are fuzzy because condition rating would not be interpreted as precisely 75% but rather "about 75%" or poor. These fuzzy numbers are modeled using the membership functions shown in Fig. 1 .
Further, the tower members are divided into five member groups ranked by importance to the overall stability of the structure as follows:
1-Legs; 2-Struts; 3-Diagonal braces; 4-Cross-arms; 5-Redundant. Dividing the tower members into these member groups is done because each group is generally controlled by different design loading condition. For example, legs of suspension towers are normally controlled by high wind condition while cross arms design is usually governed by the heavy ice condition and diagonals by combined wind and ice condition.
Symptoms of failures:
Corrosion is the most important cause of steel transmission structure deterioration and failure. Corrosion takes place at a much faster rate in heavily industrialized areas that have high levels of sulfur and nitrogen pollutants in the atmosphere. These compounds combine with moisture in the air to produce extremely corrosive acids. There are other failure-symptoms such as deformations, frost up heave, and fracture as shown in Fig. 2 .
There are many types of corrosion symptoms, which attack steel transmission structures. These are:
General corrosion: It is the most prevalent form of corrosion and is characterized by a general loss of surface material. This condition leads to gradual thinning of members. General or surface corrosion accounts for the largest percentage of corrosion damages.
Pitting corrosion: It also involves loss of material at the surface. However, it is restricted to a very small area. Pits can be dangerous because they extend into the metal, showing little evidence of their existence. Pit occurrence is very serious in high tensile stress regions because it can cause local stress concentrations, cracks, and fractures as shown in Fig. 3 . Pocket corrosion: It is a buildup of corrosion products at connections. This can adversely affect the local stability of the connections and can cause overall (or global) structural failure. Rust formation may exert pressure on adjacent elements. Brockenbrough [22] found that the resulting stress could exceed 8 MPa (1,200 psi). This pressure can pry plates apart, causing stresses and eccentricities in connected parts.
Proposed New Models
The proposed hybrid fuzzy-neural system, ANFIS, is based on Sugeno model that combines the power of neural networks and fuzzy systems. Sugeno model is a method of transforming the human knowledge and experience into rule based fuzzy system and tuning the fuzzy rules to minimize the error measure [4] . Sugeno model is adopted in the damage assessment of transmission structures to determine the tower's members health indices, e.g., leg below bend line, leg above bend line, diagonals, etc.. The tower overall health index can be determined using fuzzy weighted averages formula once health of each member is known [1] .
Sugeno Model Input:
The model uses three inputs to determine the members' health indices (or condition):
Symptom type and symptom's severity; Overall (global) tower's utilization; Member's or member group (local) utilization (also refer to as section load factor).
All these inputs are fuzzy variables.
(1) Symptom type and symptom severity: The symptoms types are discussed in Section 2. The severity of the corrosion symptoms are defined using the color code of Table 1 :
As can be seen in Table 1 , the severity is a fuzzy variable translated into thickness reduction, for instance BL-DR (black-dark red) color means a thickness reduction between 18% to 22% or 20% on average. These values are based on field measurements of thin members (thickness < 7 mm) of a limited numbers of old towers together with the expert opinion of senior structural engineer and should be verified for each project.
For member thicker than 7 mm, the thickness reduction can be calculated as follows: R i is the % thickness reduction of ith member; R reference is the % thickness reduction from Table 1 ; t i is the thickness of the ith member. For a 15 mm thick member rated visually as BL-DR, the % thickness reduction is:
From Table 1 For pitting corrosion, the thickness reduction is determined using ASTM G46 [23] and for field verification of the standard, the corroded steel is grinded to near white and the remaining thickness is measured after the removal of all pits; (2) Overall tower's utilization: Tower utilization is an important indication of the capacity of the tower to sustain damages. If the tower is underutilized, it can sustain more damages before safety and reliability become a serious concern. The tower's utilization is defined by:
where:
U is the overall tower utilization; S a is actual wind span length; S d is the design wind span length; W a is the actual wind speed; W d is the design wind speed; D a is the actual conductor diameter; D d is the actual conductor diameter. The actual wind speed W a is can be determined from Ontario wind map Fig. 4 .
(3) Member's utilization: Within a member group (leg, diagonals, struts, etc.) not all members are equally utilized because of the member's location, code limit on kL/r ratio, size availability, etc.. Accordingly, some members within a member group (i.e., legs, diagonals, etc.) can sustain more deterioration without compromising the safety and integrity of the structure. For instance, the tower's leg members below bend line are generally more stressed (high load factor) than above bend line, etc.. Sugeno Model Output: The output of Sugeno model is crisp health index number that can be mapped on to the condition ratings of Fig. 1 to determine the condition or damage assessment of tower's member or member group.
Determining Tower Members' Health Using Sugeno Model
The proposed model has six layers. The function of each layer is described as follows and is illustrated in Fig. 5 .
The neurons of the 1st layer pass the crisp values of the inputs to the 2nd layer. The crisp values are the severity levels of the symptoms, the overall tower utilization, and the component's loading factor. The severity levels are subjective determination of how severe the symptom is found in the given section of the tower's component.
The neurons in 2nd layer fuzzify the crisp input from the 1st layer.
The 3rd layer is the rule layer. For zero order Sugeno model, rules are generated for each fuzzy membership function combinations between different inputs. Each rule neuron receives the firing strength from the neurons of the 2nd layer. The firing strength is based on the fuzzification of the inputs.
Each neuron in the 4th layer receives the firing strength from the rule neurons of the 3rd layer and In the 5th layer, the normalized rule values are multiplied by a constant in the zero order Sugeno model.
The 6th layer only contains one neuron. This neuron sums up all the neurons output values from the 5th layer and produces this as an output. This output indicates the health of the given tower's component or section.
Training the model:
The Sugeno model uses least-squares estimator to determine the 5th layer weight factors [4] . The training data is arranged in a matrix form, Eq. (3). The ratings vector R and normalized rule strengths matrix µ ij are known from the training data. The symptom and severity inputs are used to determine the rule strengths.
The weighing factors (k 1 ,…, k m ) are unknown. The sequential least square algorithm is applied to determine the weighing factors that minimize the error.
R is the member rating vector;
μ is the normalized rule strength matrix;
k is the vector of the rule weight factor.
The inverse of the matrix μ is estimated using:
The inverse matrix is multiplied by the R vector to determine the k vector (rule weight factor).
Tuning Input Membership Functions: Jang suggested the use of bell shaped membership functions [4] . The bell function is defined using three parameters a, b and c:
Using the steep gradient descent, which is a first-order optimization algorithm, a, b and c values can be determined based on the training data. For small inputs size, the membership functions' tuning can be performed by an expert.
Illustrative Example
To illustrate the use the Sugeno model, the damage assessment of the towers supporting circuits C21J/C22J between Windsor Malden TS × JC Keith TS, near Windsor, Ontario was carried out. In this example, only rule weight factors were determined using least square estimator algorithm however the membership functions' tuning was not performed.
The analysis was performed on the 1949 Suspension type towers number 420, 499, 511, 512, 513 and 515.
Detailed visual inspection of the towers was carried out by senior structural engineer. The color rating of the tower 420 members is shown in Table 2 . The numbers 1 to 14 refer to the number of tower panels. The LEG 1 refers to the leg of panel 1 as shown in Fig. 6 , as so on.
The thickness reduction corresponding to the above rating is shown in Table 1 .
The towers were modeled and analyzed using PLS-TOWER software. The member corrosion is taken into account by reducing the member thickness in accordance to the visual inspection of Table 2 and the relation between the color code and the % reduction of Table 1 .
The analysis results of Tower 420 are shown in Fig.  6 . It can be seen that few diagonals and struts failed (red) but the tower legs are generally underutilized. The data from the tower analysis were used for training the proposed the proposed Sugeno model.
The utilizations (from tower analysis) of the deteriorated members were used to identify the ratings which range from 0 to 1. The 0 value signified that the member is still sound and can carry more load with no risk of failure or in term of the condition ratings of Fig.  1 , and it can be classified as "very good" condition, while 1 indicates that the member is highly stressed and is considered to be in very poor condition (i.e., close to failure). Similar analysis was done for all other towers. The sample data can be seen in Table 3 .
It was assumed that the towers suffered from Corrosion symptoms only (no member deformation were visually observed). The reduction rates were used to determine the symptom type and severity of the symptom.
The section local factors (or member utilization) for each component was determined based on their stress levels (from tower analysis). For each main tower member, the relative local factor was determined. For example, tower leg had 14 sections. So, the local factor was determined for each section. Table 3 also shows the predicted values for ease of comparison with the rated values.
These were determined using the trained ANFIS network. Once the training of the model was completed, the model was tested using new data not included in the training data.
The calculations for the TWR-512-LEG-12 rating can be seen in Fig. 5 (the proposed Sugeno model).
Sample testing data can be seen in Table 4 . Three inputs passed to the network were symptom & severity, tower overall utilization, and section local factor. The network produced the rating of 0.26. This 0.26 value can be linearly mapped to the rating of Fig. 7 . The results of Table 4 suggest that the model prediction for the leg members was very accurate 0.26 vs. 0.25. The prediction for diagonals was reasonable given the limited training of the model.
Conclusions
The proposed adaptive neuro-fuzzy inference system which combines the power of neural networks and fuzzy systems is capable of dealing with the complex problem of damage assessment of existing transmission structures. The model allows the automatic generation of the fuzzy rules (3rd layer of the model) and eliminates the need for experts infields like material science and corrosion chemistry.
The model prediction was reasonably good for all tests despite the limited training.
It is believed that with more training the proposed model would be able to accurately determine the damage assessment of existing transmission towers.
